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New York City 
A B S T R A C T   
While significant existing scholarship has confirmed that accessibility to “macro” transportation systems, such as 
transit, creates some value for real estate, few studies have examined the capitalized effect of “micro” trans-
portation modes on property values. Even, despite the increased ridership and market shares of carsharing and 
bikesharing services, empirical evidence on its property value capitalization effects of the emerging trans-
portation services remains far less limited. In this context, this research examines the residential value uplift 
induced from the proximity to carsharing (Zipcar) and bikesharing (CitiBike) services in New York City by 
employing Spatial Durbin Models with sales transaction data that are reported in the New York City Department 
of Finance in 2018. The results indicate that all else equal, single-family housing near CitiBike station sold at 
higher prices; a 10 percent decrease in distance was associated with a 4.1 percent increase in its value. The 
proximity to Zipcar and CitiBike services were positively valued in the multi-family housing market. Specifically, 
a 10 percent decrease in distance was associated with a 1.1 and 3.5 percent increase in the value of the housing, 
respectively.   
1. Introduction 
It has been shown that property markets value proximity to trans-
portation facilities, and that access is capitalized into property values 
(Pickrell, 1999; Handy, 2005). Urban economic theories have supported 
this relationship (Alonso, 1960; Mills, 1972; Muth, 1969). There is a 
counterargument that the theories and models may not be reasonable 
because they have used simplified assumptions, e.g., people decide 
residential location mainly based on the trade-off between travel costs 
and housing prices (Giuliano, 2004; LeGates and Stout, 2015). None-
theless, much empirical scholarship has confirmed that the accessibility 
to transportation systems plays a crucial role in determining property 
values though there is healthy debate regarding its significance and 
magnitude (Pickrell, 1999; Handy, 2005; Hansen, 1959; Antrop, 2004; 
Cervero, 1984; Hartgen and Curley, 1999; Polzin, 1999; Boarnet and 
Haughwout, 2000). 
However, despite the increased ridership and market shares of car-
sharing and bikesharing services (Pucher and Buehler, 2017; Cohen, 
2020), empirical research on its property value premium effects remains 
far less limited. Thus, we examine the impact of the proximity to car-
sharing service (Zipcar) and bikesharing service (CitiBike) on residential 
property values in New York City. This paper contributes to improving 
the ongoing discussion on the capitalized effects of a variety of trans-
portation systems, particularly emerging mobility services, on the prices 
of residential properties. The remainder of this paper is structured as 
follows. Section 2 summarizes and synthesizes previous literature. Sec-
tion 3 presents an overview of the methodological approaches applied to 
the research. Section 4 shows the findings, and in Section 5 we draw 
conclusions. 
2. Literature review 
Urban economic theories suggest that increased accessibility to 
transportation infrastructures will lead to a property value premium 
(also called “value uplift” or “capitalization of accessibility benefits”) 
(Alonso, 1960; Mills, 1972; Muth, 1969; Wingo, 1961). With the theo-
retical framework, numerous studies that examine the idea have 
demonstrated that accessibility to so-called “macro” transportation in-
frastructures, such as heavy rail, bus rapid transit, highway, and airport, 
can confer an additional increase in property value to surrounding 
properties (Cervero and Duncan, 2002; Debrezion et al., 2007; Fogarty 
et al., 2008; Ransom, 2018; Lee and Smart, 2020). For instance, Bowes 
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and Ihlandfeldt (2001) found that while properties at an immediate 
distance were affected by negative externalities, housing between one 
and three miles from a station benefited from the accessibility 
improvement. Kim and Lahr (2014) analyzed the impact of the Hudson- 
Bergen Light Rail on residential property values and found that prop-
erties around urban commuting stations on the Hudson-Bergen Light 
Rail line had higher residential property values, likely through enhanced 
transportation accessibility and lower transportation costs. Tomkins 
et al. (1998) found that positive attributes that airport in Manchester, 
England created, such as improved access and employment opportu-
nities, outweighed the problems of noise and traffic congestion, which 
capitalized into residential property prices. That is, the existence of a 
relationship between accessibility to “macro” transportation systems 
and real estate valuation has long been accepted (Boarnet and 
Haughwout, 2000; Fensham and Gleeson, 2003; Giuliano, 2004; Handy, 
2005; Medda, 2012). 
Compared to much understanding, however, the correlation between 
property values and so-called “micro” transportation systems has been 
far less studied. For instance, a research conducted by Krizek (2006) 
found that suburban homes in the Minneapolis-St. Paul, Minnesota, 
metropolitan area near all types of bike infrastructures, including on- 
street and off-street facilities, sold for less than those further away, 
while homes in the city center increased their value by $510 due to the 
proximity to an off-street bicycle facility. Welch et al. (2016) confirmed 
a positive effect of the proximity to regional multi-use bike paths on 
single- and multi-family home prices, while the proximity to on-street 
bike lanes negatively affected housing values. A study in Portland, 
Oregon revealed that the distance to the infrastructures as well as the 
advanced bike facility density were significantly and positively corre-
lated with single-family and multi-family home prices. (Liu and Shi, 
2017). El-Geneidy et al. (2016) found that a bicycle sharing system in a 
neighborhood with 12 stations was associated with the increase in 
values of multi-family housing by around 2.7 percent. 
The takeaway from the above literature review is that considerable 
ongoing research efforts have been dedicated to examining the property 
value premium of macro transportation infrastructures (Melo et al., 
2009; Mohammad et al., 2013; Hamidi et al., 2016). Compared to the 
rich understanding provided, few studies have focused on how in-
frastructures of “micro” transportation modes, particularly bikesharing 
and carsharing services, influence property values. Thus, this paper at-
tempts to fill the gap by further research: whether there is a recognizable 
value uplift induced from the proximity to the emerging transportation 
modes, carsharing and bikesharing. 
Fig. 1. Study Area.  
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3. Research design 
3.1. Study area 
The study area was New York City, one of the largest carsharing 
markets (Kim, 2015) and the densest bikesharing market in the United 
States (Campbell and Brakewood, 2017). The 2019 Citywide Mobility 
Survey reported that 13% of residents in New York City use carshare 
services, and 15% of them use bikeshare services (New York City DOT, 
2019). In this research, we focused mainly on one of carsharing services, 
Zipcar, and one of bikesharing services, CitiBike, both of which showed 
a large share of the service usage in the study area. 
Fig. 1 shows the overview of study area and locations of observations 
that we used in this study, including single-family and multi-family 
homes. The Zipcar parking spots and CitiBike stations were mainly 
located in Manhattan and nearby areas. While most single-family homes 
were located in Staten Island, Brooklyn, Bronx, and Queens, multi- 
family homes were fairly distributed across New York City including 
Manhattan. 
3.2. Modeling approach 
Previous studies have provided a strong foundation and under-
standing of methodologies needed to access transportation systems’ 
potential relationships with property values. They have examined the 
property value premium of transportation systems by employing 
different methodological approaches, such as hedonic regression (Bowes 
and Ihlanfeldt, 2001; Lee and Smart, 2020), multilevel regression 
(Giuliano et al., 2010; Pan et al., 2014), spatial econometrics (Haider 
and Miller, 2000; Seo et al., 2014), geographically weighted regression 
(Dziauddin, 2019; Efthymiou and Antoniou, 2013), quasi-experimental 
design (Dong, 2017; Tian et al., 2020), the meta-analysis (Hamidi et al., 
2016), and repeat-sales index (Bailey et al., 1963; Case and Shiller, 
1987; McMillen and Thorsnes, 2006). 
Among the different kinds of methods, we decided to employ the 
Hedonic Regression Model and the Spatial Durbin Model with the dis-
tance matrix, given the structure and features of our dataset. The he-
donic regression model is coined by Andrew Court (1939) and 
popularized by Zvi Griliches (1961) to estimate internal and external 
price effects (Goodman, 1998; Rosen, 1974). The hedonic regression 
model typically regresses property value on structural characteristics, 
such as structure’s age and the number of bedrooms or bathrooms, 
locational attributes, such as proximity to transportation infrastructures, 
and neighborhood features, such as population density (Oust et al., 
2020). 
A further complication is that spatial effects exist in our dataset. 
Specifically, the Hedonic model usually relies on individual character-
istics, which may exclude possible spatially related variables (Efthymiou 
and Antoniou, 2013; Seo et al., 2014). That is, the a-spatial conventional 
model can be biased if there are strong relationships between the prices 
of nearby properties (LeSage, 2008). We used spatial autocorrelation 
(Moran’s I) and Lagrange multiplier tests to explore the spatial effects. 
We first estimated the Moran’s I test, developed by Moran (1950), for 
residual spatial autocorrelation for Hedonic regression models with each 
subgroup of single-family and multi-family housing. The results (p-value 
of < 0.001 for both hedonic models) indicated that there was positively 
and statistically significant spatial autocorrelation in the a-spatial 
models. We also conducted Lagrange multiplier tests and confirmed the 
conclusion from Moran’s I. Taking the test results and limitation of the a- 
spatial model into consideration, we developed the Spatial Durbin 
Model with the distance matrix that considers both spatially endogenous 
and exogeneous interactions (Anselin, 2003, 2013; LeSage, 2008). 
3.3. Variable specification 
3.2.1. Dependent variable 
The dependent variable of this research was log-transformed sales 
price in 2018 (see Table 1), which is a typical specification of the he-
donic regression model (McMillen, 2014). We used diverse methods, 
including scatterplots, adjusted R-squared, Akaike Information Criterion 
(AIC), and Bayesian Information Criterion (BIC), to test non-linear 
relationship. The test results suggested that log-transformed residen-
tial property value was appropriate for a dependent variable in our 
dataset. 
We obtained the dataset from the New York City Department of 
Finance. The dataset included the annualized sales information of resi-
dential properties sold in New York City in 2018. We first geocoded the 
locations of properties and kept only address match results. Then, we 
eliminated the repeated, unreliable (e.g., total square footage is zero and 
the number of units is zero), and unnecessary (e.g., vacant lands) sales 
observations. We also deleted observations if the sales price is zero 
because the zero sales price indicates a transfer of ownership without a 
cash consideration. 
The sales transactions of residential properties were divided into two 
sub-markets: (1) single-family housing and (2) multi-family housing. 
While single-family housing included only one-family dwellings in 
building types, multi-family housing in this research contained two- and 
three-family dwellings, condos, and apartments. As shown in Table 2, 
the final number of single-family housing used in our analysis was 
12,978 and that of multi-family housing was 26,075. The average sizes 
of the single-family and multi-family dwelling unit were 1,536 and 
1,070 square feet, respectively. While approximately one percentage of 
single-family housing was located within Manhattan, 21.5% of multi- 
family housing is in the borough. 
3.2.2. Independent variables of interest 
Table 1 described the independent variables along with the sign of 
their expected impact on residential property values: here, “+” indicates 
a hypothesized positive correlation, “-” means a hypothesized negative 
impact on sales price, and “?” means unknown. Our independent vari-
ables of interest were log-transformed distance to the nearest Zipcar 
parking lot and the nearest CitiBike station from each property. Since 
there are no open sources on geocoded location data of both Zipcar and 
CitiBike (Kim, 2015), we hand-coded the data set from both official 
websites. There were 451 Zipcar parking lots and 951 CitiBike stations. 
We hypothesized that there is a negative association between the 
dependent variable (property prices) and the independent variables of 
interest because households that experience reduced travel time and 
costs due to the increased accessibility would bid up property values, 
which is known as the compensation principle (Ryan, 1999; Kilpatrick 
et al., 2007; Mulley and Tsai, 2016). 
3.2.3. Control variables 
For additional distance variables to transportation systems, we 
included subway stations, ferry stations, highway, onramps, and bike 
lanes, which are important predictors of property values in previous 
literature. We used the multi-band distance measures rather than the 
actual distance for highway, onramp, and bike lane to examine the 
distance decay of amenity or disamenity, which followed a methodo-
logical approach in previous literature (Bowes and Ihlanfeldt, 2001; Li 
and Saphores, 2012; Seo et al., 2014). We collected the shapefiles from 
the NYC Open Data website and used ArcGIS to calculate the Euclidian 
distances in feet. We also controlled the internal features of properties, 
such as the structure’s age and the property area. However, due to the 
limitation of data set, we were not able to include essential housing 
characteristics, such as the number of beds and the unit’s view. We 
included the variable regarding whether it is located in Manhattan, as it 
is an important predictor of residential property values in the city. We 
also used neighborhood characteristics at the Census Block Group level, 




Variables Used in the Research.  
Variable 
Name 
Description Data Source ExpectedSign 
Dependent Variable  
In(Sale Price) Log-transformed transaction price per unit in 2018 Department of Finance, New York City – 
Independent Variables of Interest  
In(Zipcar) Log-transformed distance in feet between each observation and the nearest parking spots of the carsharing service, Zipcar Zipcar website – 
In(CitiBike) Log-transformed distance in feet between each observation and the nearest station of the bikesharing service, CitiBike CitiBike website – 
Control Variables  
Locational Features  
In(Subway) Log-transformed distance in feet between each observation and the nearest subway entrance NYC Open Data – 
In(Ferry) Log-transformed distance in feet between each observation and the nearest ferry terminal NYC Open Data – 
Highway 01 Dummy (yes, 1) if the distance to highway is < 0.1mile, 0 otherwise NYC Open Data – 
Highway 02 Dummy (yes, 1) if the distance to highway is between 0.1mile and 0.2mile, 0 otherwise NYC Open Data – 
Ramp 01 Dummy (yes, 1) if the distance to onramp < 0.1mile, 0 otherwise NYC Open Data – 
Ramp 02 Dummy (yes, 1) if the distance to onramp is between 0.1mile and 0.2mile, 0 otherwise NYC Open Data – 
Bike Lane 01 Dummy (yes, 1) if the distance to ramp to bike lane < 0.1mile, 0 otherwise NYC Open Data +
Bike Lane 02 Dummy (yes, 1) if the distance to bike lane is between 0.1mile and 0.2mile, 0 otherwise NYC Open Data +
In(Park) Log-transformed distance in feet between each observation and the nearest park, such as city-state park, state park, community park, and 
neighborhood park 
NYC Department of Planning – 
In(University) Log-transformed distance in feet between each observation and the nearest college or university facility NYC Department of Planning – 
Structural Characteristics 
Age Age of the property at sale date Department of Finance, New York City ? 
Age2 Age of the property at sale date squared Department of Finance, New York City – 
Area Area of the property in square feet Department of Finance, New York City +
Neighborhood Features 
Manhattan Dummy (yes, 1) if the property sold is located in Manhattan, New York City, 0 otherwise NYC Open Data +
Popden10k Total population per square miles at Census Block Group Level in 10,000 persons per square miles in 2018 2014–2018 American Community Survey 5-year 
estimates 
+
White The Proportion of non-Hispanic White Residents at Census Block Group Level in 2018 2014–2018 American Community Survey 5-year 
estimates 
+
Income10k The income per capita at Census Block Group Level in $10,000 s in 2018 2014–2018 American Community Survey 5-year 
estimates 
+
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including population density, the proportion of non-Hispanic White, and 
per capita income, obtained from 2014 to 2018 American Community 
Survey 5-year estimates. 
We tried various configurations of independent variables in our 
models. We initially included other distance variables, such as distance 
to K-12 schools, distance to healthcare facilities, the distance to the bus 
service, whether the property is located within a half-mile from the 
Central Park, though multicollinearity issues forced us to remove them. 
We also conducted the Backward and Forward Stepwise Regression 
models to choose an adequate set of independent variables. We did a 
Variance Inflation Factor (VIF) test for multicollinearity in the final set 
of variables, and the result confirmed that none of the explanatory 
variables covaried strongly, except for structure’s age and structure’s 
age squared. 
4. Results 
In our final models, we developed Hedonic models and Spatial 
Durbin models (see Table 3 and 4). The results of two different models 
showed quite consistent findings in terms of magnitude and direction 
between coefficients of the hedonic model and total impacts of the 
Spatial Durbin Model. Although we presented the results of both, dis-
played in Table 3, our interpretations were largely based on the results 
of the Spatial Durbin Models. Due to the data limitation, we did not 
include variables representing structural features of properties, such as 
the number of rooms and beds, often found in previous studies (Sirmans 
et al., 2006). However, the fit of the model was relatively good (adjusted 
R-squared of 0.227 in the Spatial Durbin model with single-family 
housing and 0.510 in the Spatial Durbin model with multi-family 
housing) and most of our coefficients were statistically significant. 
While we reported the coefficient and standard errors of variables and 
lagged variables in Table 3, our interpretation focused mainly on the 
total impacts in Table 4. We also presented the predicted percent change 
in residential property values by the percent change in the independent 
variables of interest in Figs. 2 and 3. 
4.1. Single-Family housing 
Notable findings of both models regarded the locational factors: log- 
transformed distance to the nearest Zipcar parking lot and CitiBike 
station. Both Hedonic and Spatial Durbin models indicated that prox-
imity to CitiBike station was significantly associated with an increase in 
property valuation, controlling for other variables. Fig. 2 showed that 
based on the Spatial Durbin model, all else equal, single-family housing 
near CitiBike station sold at higher prices, controlling for other variables 
in the model; for instance, a 10 percent decrease in distance between an 
observation and a CitiBike station was associated with a 4.1 percent 
increase in residential property value. However, while the distance to 
the nearest Zipcar parking lot was a statistically significant predictor in 
Hedonic model, it was not important in Spatial Durbin Model in terms of 
total impact (see Table 4), which implied that the hedonic model may 
produce biased estimates. Regarding the other distance variables, the 
distance to the nearest subway station was a statistically significant 
predictor of the residential property price and, surprisingly, there was a 
positive correlation. It suggested that prices of single-family housing in 
New York City increased if the property was far from subway stations. 
Given the result regarding distance to the bike lane, its total impact on 
the property valuation was statistically significant and positive for 
Table 2 
Descriptive Statistics of Variables Used in the Research.   
Single-Family Housing Multi-Family Housing 
Continuous Variable 
Variable Name N Mean St.Dev N Mean St.Dev 
In(Sale Price) 12,978 13.2 0.92 26,075 13.10 1.18 
Sale price 12,978 708,995 1,134,978 26,075 963,960 2,185,100 
In(Zipcar) 12,978 8.96 1.05 26,075 7.64 1.31 
Zipcar 12,978 12,372 11,792 26,075 4,995 8,344 
In(CitiBike) 12,978 10.2 0.88 26,075 8.32 2.00 
CitiBike 12,978 32,125 16,741 26,075 14,439 16,231 
In(Subway) 12,978 8.42 1.01 26,075 7.31 1.11 
Subway 12,978 6,906 5,876 26,075 2,847 3,977 
In(Ferry) 12,978 10.2 0.59 26,075 9.51 0.99 
Ferry 12,978 62,414 15,071 26,075 19,713 14,935 
In(Park) 12,978 7.84 0.65 26,075 7.48 0.68 
Park 12,978 3,078 1,991 26,075 2,202 1,532 
In(University) 12,978 8.93 0.76 26,075 8.27 1.02 
University 12,978 9,795 7,353 26,075 6,139 6,236 
Age 12,978 79.7 118 26,075 242.00 568.00 
Age2 12,978 20,221.00 239,059.00 26,075 381,387.00 1,177,887.00 
Area 12,978 1,536.00 692.00 26,075 1,070.00 574.00 
Popden10k 12,968 2.56 1.98 26,042 5.79 4.41 
White 12,330 49.5 33.2 25,328 49.50 29.80 
Income10k 12,967 3.44 1.54 25,999 5.10 4.35 
Discrete Variable 
Variable Name Categories Frequency Percent Categories Frequency Percent 
Highway 01 Yes 834 6.43 Yes 2,029 7.78 
No 12,144 93.57 No 24,046 92.22 
Highway 02 Yes 1,230 9.48 Yes 2,797 10.70 
No 11,748 90.52 No 23,278 89.30 
Ramp 01 Yes 667 5.14 Yes 1,964 7.53 
No 12,311 94.86 No 24,111 92.47 
Ramp 02 Yes 1,238 9.54 Yes 2,711 10.40 
No 11,740 90.46 No 23,364 89.60 
Bike Lane 01 Yes 2,765 21.30 Yes 13,811 53.00 
No 10,213 78.70 No 12,264 47.00 
Bike Lane 02 Yes 2,020 15.60 Yes 4,420 17.00 
No 10,958 84.40 No 21,655 83.00 
Manhattan Yes 93 0.72 Yes 5,601 21.50 
No 12,885 99.28 No 20,474 78.50  
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properties that were located between 0.1 and 0.2 miles from the bike 
lane. Among several basic housing characteristics, structure’s age was a 
significant predictor of housing prices. Concerning neighborhood fea-
tures, the proportion of non-Hispanic White households and per capita 
income in the property’s neighborhood were positively associated with 
the values of single-family homes. 
4.2. Multi-Family housing 
Both models indicated that the proximity to Zipcar parking lots and 
CitiBike station was associated with an increase in property valuation of 
multi-family housing. Fig. 3 indicated that a 10 percent decrease in 
distance to the nearest Zipcar parking lots or CitiBike station was asso-
ciated with a 1.1 and 3.5 percent increase in the property value of multi- 
family housing, respectively. Regarding control variables, proximity to 
the highway was associated with increases in the value of multi-family 
housing in New York City. There was, however, an inverse 
relationship between property values and proximity to onramps. Spe-
cifically, the multi-family housing within 0.1 mile of highway sold at a 
significantly higher price (total impact = 0.105) compared to other 
properties, while properties within 0.1 miles from an onramp sold at a 
significantly lower price (total impact = -0.055). The proximity to the 
bike lane exerted a positive effect on property values. There were sta-
tistically significant associations between the property value, and 
proximity to parks and buildings of universities in our model. Being 
located in Manhattan, New York City was the strongest predictor in our 
model, showed considerably higher sales values (total impact = 0.182). 
The relationship between structure’s age and property values suggested 
that New York City properties with newer and older age sold at a higher 
price than those with medium structure age. Finally, multi-family 
housing found in a Census Block Group with a lower population den-
sity, a higher proportion of white residents, and higher per capita in-
come were more costly than those of others. 
Table 3 
The Results of the Hedonic Regression Models and Spatial Durbin Models.  
VariableName Single-Family Housing Multi-Family Housing 
Hedonic Regression 
Model 
Spatial Durbin Model Hedonic Regression 
Model 
Spatial Durbin Model 





coefficient of lagged 
variable 
(Std. Error) 





















































































































































































































































Observations 12,330 12,330 25,325 25,325 
AIC 29,630 29,543 62,618 62,221 
R2 0.221 0.229 0.502 0.510 
Adjusted R2 0.220 0.227 0.501 0.510 
F Statistics 184.000*** 96.000*** 1,341.000*** 693.000*** 
*Significant at p < 0.1; **Significant at p < 0.05;***Significant at p < 0.01 
Dependent variable: log-transformed sale price 
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5. Conclusions 
A large body of literature, theories, and practices have acknowledged 
that the accessibility to “macro” transportation systems, such as transit, 
can trigger at least a modest premium on property values due to the 
improved accessibility and reduced travel costs. However, today there is 
only a handful of recent studies that examine the capitalized impact of 
the newly emerging mobility services on property values, despite the 
expanding services, and the increasing ridership and market shares. In 
this context, this paper examines the residential property premium 
impact of the proximity to carsharing and bikesharing service in New 
York City by employing Spatial Durbin Model. 
Notable findings of both models regarded the locational factors: log- 
transformed distance to the nearest Zipcar parking lot and CitiBike 
station. Single-family housing near CitiBike station sold at higher prices, 
controlling for other variables in the model; specifically, a 10 percent 
decrease in distance between an observation and a CitiBike station was 
associated with a 4.1 percent increase in residential property value. 
However, the distance to the nearest Zipcar parking lot was not a sta-
tistically significant predictor of its value. The proximity to carsharing 
(Zipcar) and bikesharing (CitiBike) services were positively valued in 
the multi-family housing market. A 10 percent decrease in distance to 
the nearest Zipcar parking lots or CitiBike station was associated with a 
1.1 and 3.5 percent increase in the property value of multi-family 
housing, respectively. 
We believe that this study fills a research gap and adds additional 
understanding to the body of literature. It also helps the private sector, 
policymakers, and community members to comprehensively understand 
the correlation between property value and the accessibility to different 
kinds of transportation modes. For instance, when transit agencies 
develop plans for transit development and improvement, they usually 
consider anticipated affordability issues in areas nearby stations due to 
Table 4 
The Results on the Direct, Indirect, and Total Impacts of the Variables in the Spatial Durbin Models.  
VariableName Single-Family Housing Multi-Family Housing 
DirectImpact IndirectImpact TotalImpact DirectImpact IndirectImpact TotalImpact 
In(Zipcar) − 0.356*** 0.328*** − 0.028  0.070 − 0.177*** − 0.106*** 
In(CitiBike) − 0.030 − 0.380** − 0.410***  − 0.049 − 0.301*** − 0.350*** 
In(Subway) 0.090 0.058 0.149***  − 0.089** 0.069 − 0.020 
In(Ferry) 0.070 0.187* 0.257***  0.005 0.158*** 0.163*** 
Highway 01 − 0.062 0.253** 0.190**  − 0.014 0.119* 0.105*** 
Highway 02 − 0.039 0.089 0.050  0.031 0.151*** 0.182*** 
Ramp 01 − 0.001 0.002 0.002  − 0.068 0.013 − 0.055* 
Ramp 02 − 0.009 − 0.002 − 0.011  − 0.049 − 0.022 − 0.071** 
Bike Lane 01 0.016 0.008 0.024  0.045 − 0.019 0.027 
Bike Lane 02 0.061* − 0.001 0.060*  0.019 0.032 0.050** 
In(Park) 0.054 − 0.095 − 0.041  0.057 − 0.159** − 0.102*** 
In(University) 0.074 − 0.434*** − 0.360***  − 0.146* − 0.165** − 0.311*** 
Age − 0.001 0.002*** 0.002***  − 0.003*** − 0.003*** − 0.006*** 
Age2 2.53e-07 − 9.29e-07*** − 6.76e-07***  1.63e-06*** 1.50e-06*** 3.13e-06*** 
Area 0.001*** 0.0001*** 3.74e-04***  0.001*** 0.00004* 0.001*** 
Manhattan 0.957** − 0.864** 0.093  0.319** − 0.137 0.182*** 
Popden10k − 0.006 0.007 0.001  − 0.005* − 0.004 − 0.009*** 
White 0.001 0.004*** 0.005***  0.001** 0.004*** 0.005*** 
Income10k 0.033*** 0.059*** 0.092***  − 0.001 0.047*** 0.047*** 
Model Statistics 
Observations 12,330 25,325 
AIC 29,543 62,221 
R2 0.229 0.510 
Adjusted R2 0.227 0.510 
F Statistics 96.000*** 693.000*** 
*Significant at p < 0.1;**Significant at p < 0.05;***Significant at p < 0.01 
Dependent variable: log-transformed sale price 
Fig. 2. The Percent Change in Single-Family Housing Value by Percent Change in the Distance to Zipcar or CitiBike based on the Outcomes of the Hedonic Regression 
Models and Spatial Durbin Models. 
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possible value uplift. In this regard, agencies in cities, particularly like 
New York City where individuals use emerging transportation modes a 
lot, should consider how they will influence property values in planning 
processes. 
There are several limitations to this study. First, we used cross- 
sectional data, which does not allow us to find a causal relationship. 
Specifically, this research was not able to examine whether the shared 
mobility services were implemented in areas with existing higher pre-
miums or whether these services led to the property value premiums. In 
this case, the findings of this research do not infer that the proximity to 
the newly emerging mobility services caused price premiums like other 
transportation, such as subway and light rail, does. Therefore, further 
studies that employ a quasi-experimental design with longitudinal data 
is needed. Second, the transferability and generalizability of the findings 
in other areas in the U.S. might be limited, as people in New York City 
have unusual travel behavior. Since other areas in the U.S. are mostly 
automobile-dependent, which forces car-ownership, properties in other 
areas may not take the proximity to carsharing and bikesharing service 
as an amenity. Third, the models were not able to include all covariates, 
such as the view of property and the number of bedrooms, that signifi-
cantly influence property values. Given the significant relationship be-
tween the variables and property values (Sirmans et al., 2006; Jim and 
Chen, 2009), the inability to control for them may lead to biased esti-
mates. Future research needs to include them to estimate unbiased effect 
sizes. 
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